Abstract-The goal of this study was to compare the usability of two control schemes for a transradial myoelectric prosthesis, including conventional direct control (DC) and pattern recognition (PR) control, when used by able-bodied individuals. Three types of response measures were captured to assess the control schemes, including learnability, performance, and cognitive workload. Prior research has applied performance and cognitive workload metrics for evaluation of prosthetics; however, workload measures applied in these studies (e.g., heart rate, electroencephalography, and respiration rate) have many limitations. This study used eye tracking to compare cognitive load implications of the different control schemes for a two degrees-of-freedom myoelectric prosthesis. In total, 12 participants were assigned to either control condition (six persons each) or perform a clothespin relocation task. Results revealed the PR scheme to be more intuitive for users and superior to DC across all response measures. We observed a lower learning percentage (i.e., greater learning potential), lower cognitive load, and greater productivity in task performance. This preliminary study illustrates efficacy of using eye-tracking-based measures of cognitive load and standardize test paradigms for assessment of upper limb prosthetic usability and supports PR prosthetic device control as an intuitive alternative to DC.
I. INTRODUCTION
L IMB amputation is a major cause of disability. More than 100 000 people in the United States have upper limb amputations with 57% of them being transradial (through the forearm) amputees [1] , [2] . Such upper extremity amputations are usually associated with substantial disabilities. Activities of daily living may no longer be possible or require additional effort and time [3] . This high level of disability underscores the obligation of the engineering research community to innovate technologies for upper limb prosthetics in order to improve the quality of life for amputees.
A. Prosthetic Technologies
In the past decade, prosthetic technologies have realized substantial advances. With respect to upper limb devices, mechanically complex, powered, multifunctional prosthetic arms and hands have become commercially available [4] - [6] . However, there remains a lack of effective control interfaces for such robotic systems. In fact, most commercially available, modern multifunctional arms/hands still employ direct myoelectric control approaches, which significantly limit the potential of robotic prostheses. In a direct control (DC) scheme, surface EMG signals from an agonist-antagonist residual muscle pair (e.g., finger flexor and extensor) in an amputee's limb are acquired independently. For example, an independent contraction of the finger extensor in a transradial amputee can be used to open a prosthetic hand, whereas a contraction of the finger flexor causes the hand to close. The speed of the prosthetic hand motion is proportional to the magnitude of EMG signals. Control mode switching is necessary to operate multiple degrees-of-freedom (DOF) of a prosthetic, as a single agonist-antagonist muscle pair is only sufficient for the control of two directions of movement in a single DOF. Such a control scheme can be nonintuitive for users and difficult to implement when using a prosthesis with more than one powered DOF. One alternative solution to avoid mode switching operations is myoelectric control based on EMG pattern recognition (PR) [7] , which has recently become commercially available (COAPT, Chicago, IL, USA). Control by PR identifies the intended motion of an amputated limb based on residual muscle activation pattern. Consequently, more electrodes are required to drive an equivalent number of DOFs in PR control than DC. Additionally, unlike DC, the EMG electrodes used in PR control do not have to be placed over independent muscle sites. The association between user intent and muscle activation pattern is constructed based on precollected training data. This myoelectric control scheme directly maps the user intended motion and hence may be more intuitive for device application.
B. Prior Studies on Prosthetic Use
The controllability of upper limb prosthetics using DC and PR control schemes has been evaluated in terms of subjective observations from clinicians [8] , self-reports from patients, and performance measures in dual-task paradigms [9] . Upper limb amputees have been found to produce superior performance (fewer errors and reduced task completion time) when using PR control versus DC in single and multiple DOF prosthetic control tasks [2] . A recent home trial [10] reported clinical outcome measurements for three transradial amputees while using PR control and DC mode for a three-DOF prosthesis. This paper did not focus on mental load evaluation. The authors chose several functional and performance measures and pre-and posttest surveys to compare the two control methods. The study showed that PR control yielded better control for tasks requiring wrist functions. However, given the fact that upper limb amputees rely heavily on visual feedback in order to monitor and manipulate prosthetics, amputee cognitive workload also needs to be considered in designing and evaluating these technologies. Related research has shown that higher cognitive load can lead to system user fatigue and frustration [11] . Unfortunately, practical and accurate techniques for assessing the usability of prosthetic devices in, for example, amputee ADL performance, have not been systematically developed and validated.
Gonzalez et al. [12] used both performance and cognitive workload metrics to compare effects of auditory, visual, and audiovisual feedback on prosthetic hand operation. One methodology employed to assess the cognitive workload was a subjective rating with the NASA Task Load Index (TLX) questionnaire [13] . The TLX yields an overall workload score based on a weighted average rating of six demand subscales, including mental demands, physical demands, temporal demands, user performance, effort, and frustration. (The scale has been widely used in HMI research [13] .) Gonzalez et al. [12] also captured physiological measures in their study, including electroencephalography (EEG), cardiac measures, respiration rate (RR) and electrodermal activity (EDA) for inferring participant cognitive load. Cardiac measures included heart rate variability (HRV) and heart rate (HR). In general, as cognitive workload increases so does HR [14] . With regards to the study conducted by Gonzalez et al. [12] , no significant differences were found in mental workload as indicated by EDA measures, HRV, or the beta band from the EEG. The RR could not be related to mental workload in this study. The study did find there to be greater perceived workload under the visual feedback condition based on NASA-TLX ratings. In addition, they found EEG alpha band measures and HR to reveal significant differences in mental workload. Deeny et al. [15] also investigated prosthetic user cognitive workload by collecting physiological measures. They examined healthy participant workload in using PR and DC con- [12] Individual differences in ratings [20] and method does not provide continuous monitoring of workload [21] . EEG [12] , [15] Signals contaminated by head and body movement; elaborate signal processing to remove artifacts; requires donning of electrode cap with an attached wiring harness; obtrusive to participant performance. HR [12] Emotional, psychological, environmental, and physical factors can significantly influence outcomes [22] , [23] . HRV [12] Contradictory results regarding prediction of cognitive load [14] , [24] ; influenced by fatigue [24] ; minimum time requirement for deriving responses [25] . RR [12] Sensitive to physical fatigue and can be interrupted by speech [14] . EDA [12] Can be influenced by temperature, medications, and humidity; interpretation of results requires development of complex analytical tools [26] ; errors can occur in recording of skin conductance data [26] ; analysis of results can become increasingly complex as signals are transient and nonstationary. fNIRS [17] , [18] Signals contaminated by body movement, which can cause capture of ambient light; signals also contaminated by head movement leading to displacement of sensors and anomalous readings; elaborate signal processing required to remove artifacts [19] .
trol schemes in a virtual reality (VR) simulation environment. This study utilized EEG to determine event-related potentials (ERP) during a dual-task paradigm. The primary goal of this study was to examine the efficacy of using ERPs as a measure for determining cognitive workload in human machine interaction. With regards to this goal, the authors demonstrated an inverse relationship between cognitive workload and ERP signal amplitude. However, they only found a subtle difference in cognitive workload between DC and PR modes of control in the VR environment with able-bodied participants. Functional near infrared spectroscopy (fNIRS) is another measurement technique that can be used to assess human cognitive workload in terms of blood oxygenation levels [16] . fNIRS has been used in brain-computer interface research [17] , [18] , but has yet to be used in the field of prosthetics; however, it has advantages over EEG in that it is more affordable, portable and less sensitive to muscle tension [19] . Unfortunately, each of the cognitive workload methods used in these previous investigations of prosthetic use have major disadvantages for providing clear insight into perceptual, cognitive, and motor demands, which are summarized in Table I .
C. Cognitive Load Assessment Using Eye-Tracking Measures
The above issues in cognitive workload measurement are critical to prosthetic device design and development. Quantifying amputee workload in device use in practical settings is needed to demonstrate usability of new prosthetic technologies for U.S. Food and Drug Administration approval and patient medical reimbursement [27] . Methods of continuous cognitive workload measurement, which are unobtrusive and reliable, need to be identified and applied in contemporary research. One physiological measure for inferring cognitive load, which may address these needs, is the use eye tracking and pupillography. Eyetracking devices (remote-or head-mounted camera systems) allow for derivation of many types of measures, including blink rate, interval of eye closure, eye fixations, and pupil diameter, and have been associated with cognitive demand changes in various tasks [28] . These specific measures have been used to evaluate cognitive workload in various applications, including Lau's [29] assessment of driver workload in simulation trials. Blink rate is the number of eye closures in a given period of time, whereas interval of closure (blink duration) is the time spent blinking. Results regarding the utility of blink rate for inferring cognitive workload are mixed. Some researchers have found that blink duration and eye blinks can estimate some aspects of mental workload [30] , [31] , whereas others [32] have found that blink duration and blink rate are only useful for predicting visual workload. Eye blinks and blink duration decrease as visual workload increases [24] . Related to this, environmental changes, such as lighting levels, can substantially influence blink rate and blink duration.
Eye fixations measure the time at which the eyes are directed at a specific area of interest. This metric tends to be related more to performance measures and is considered to be more diagnostic in nature [24] . Some researchers have derived statistical measures from fixations, including a nearest neighbor index, and found higher index values to indicate higher workload [33] ; however, some results on this particular measure have been contrary to the expectation [34] .
Pupil dilation is generally considered to be a good metric for assessing cognitive workload with previous studies showing that mental activities (e.g., thinking, attention, and memory recollection) result in dilation of the pupils, which will return to baseline within a few seconds of resolution of the mental workload [35] . Like blink duration and blink rate, pupil diameter can be highly influenced by environmental conditions, such as illuminance. With this issue in mind, Marshall [35] developed an index of cognitive activity (ICA) based on pupil diameter changes over time. The ICA measures abrupt changes in continuous pupil diameter recordings. With any increase in cognitive workload, the pupil responds rapidly with a reflex reaction, as it also does with light. The ICA separates the light reflex from the cognitive load reflex. The ICA is computed as the number of times per second that an abrupt change in the pupil signal occurs [36] . This metric provides an objective psychophysiological technique that is less susceptible to environmental factors [35] . In general, it is important to ensure that any study using pupillography methods is conducted in a controlled environment or to make use of a metric such as the ICA that accounts for environmental changes.
Despite substantial use of such eye-tracking-based measures and demonstrations of correlations with cognitive demands, eye-tracking-derived parameters have yet to be applied for assessing amputee cognitive load in prosthetic technology use in functional task performance. Beyond this, there is an outstanding need to develop a comprehensive framework of measures and methods for evaluating the usability of prosthetics and other rehabilitation devices.
D. Research Objectives
The goal of this paper was to compare the usability of DC and PR control schemes for myoelectric prosthetic use by ablebodied individuals. We chose three metrics for comparison of the control schemes, including: cognitive workload, performance, and learnability. Based on the literature review regarding limitations of previous workload assessment methodologies, and considering the nature of the test task and need for body movements and head rotation, cognitive load was evaluated using eye tracking with a similar metric to Marshall's [35] ICA. By assessing prosthetic user cognitive load with a continuous and unobtrusive psychophysiological measure, we sought to gain a better understanding of which control scheme may pose higher demands for users. The performance measures included task productivity and errors, which were used to make further comparison of the control schemes and to potentially corroborate workload findings. Last, learnability metrics have yet to be applied to the prosthetic domain. Our goal in conducting a learnability assessment was to understand which of the control schemes was easier for the user's to learn and master. The expected outcomes of the study were an assessment of the efficacy of using eye-tracking-based measures of cognitive load for evaluating prosthetic device usability as well as additional information on the comparative usability of PR device control versus DC.
II. METHODS

A. Recruitment Procedure and Participants
The University of North Carolina at Chapel Hill Institutional Review Board approved the experiment protocol and all participants signed an informed consent before any experimental procedure. During the recruiting phase, all potential participants were asked to complete the Edinburgh Handedness Test [37] and the Purdue Pegboard Test (PPT) [38] . The PPT was conducted three times to determine if they fell within the range of "normal" manipulative dexterity. Participants were recruited for the experiment if they received a right-hand dominance score of 0.7 or greater, and their PPT score was no more than one standard deviation below the normal mean dexterity for their age and gender group. Through this screening process, twenty able-bodied participants (10 male, 10 female; mean age = 23.5, SD = 2.36) with no prior experience using a prosthetic hand or a myoelectric exoskeleton were included in the study. The participants were all right handed with normal manipulative dexterity according to PPT. However, eight participants were ultimately excluded from the data analysis. The reasons for exclusion included: inability to meet specified competency criteria during training, eye tracking calibration issues related to locating pupils within an iris, excessive participant movement during testing despite instructions requesting limited head and torso displacement, 20% or greater loss of participant eye-tracking data points due to body movement, and participant fatigue during testing.
B. Transradial Prosthesis, Control Schemes, and Setup
This study compared the usability of electromyography (EMG) based DC and PR control of a two-DOF transradial prosthesis. The prosthesis consisted of an electrical terminal device (ETD, Motion Control, Inc., USA) for EMG capture and commercial wrist rotator (MC Wrist Rotator, Motion Control, Inc., USA). The prosthesis was mounted on able-bodied participants using a specially designed adapter. The adapter allowed normal wrist movements, as well as elbow flexion (see Fig. 1 ).
Surface EMG was used to capture input signals for both the DC and PR control schemes. EMG signals were measured using gelled bipolar electrodes. Selected EMG recording sites were cleaned with alcohol wipes prior to electrode placement. A ground electrode was placed on the bony area around the elbow (olecranon process). The analog EMG signals were bandpass filtered between 10 and 2000 Hz with a passband gain of 20, and then sampled at 1000 Hz.
For the DC scheme, two EMG electrodes were placed over the belly of the extensor and flexor digitorum muscles based on palpation and the anatomical locations described in [39] , respectively. Electrode placement was checked to ensure capture of clear EMG signals with sufficient signal-to-noise ratios and that individual muscle activations could be identified by various recording channels. Signals were filtered with a 20-450 Hz bandpass filter [see Fig. 2(a) ]. Signal magnitude was estimated by calculating the mean absolute value (MAV) of 50 ms samples of EMG data. If the magnitude of one muscle was larger than a predefined threshold value, a corresponding prosthetic motor was activated; the speed of the motor was proportional to the magnitude of the EMG signal. If the magnitudes of both EMG signals were above threshold values, the prosthesis control mode (either wrist rotator or hand) was switched. Hence, the prosthesis user controlled two directions of movement with one DOF (e.g., wrist pronate and supinate) using finger extension and flexion, whereas forearm muscle co-contraction (power grip/making a fist) was used to switch between DOFs.
For the EMG PR control scheme [see Fig. 2(b) ], the targeted muscles included the flexor carpi ulnaris, flexor carpi radialis, extensor carpi ulnaris, extensor carpi radialis, extensor pollicis longus, and palmaris longus. Note that the EMG PR algorithm was insensitive to EMG crosstalk [39] , [40] ; targeting the exact muscles' EMG recording was not necessary. Selected EMG electrode sites were accepted if EMG patterns during hand open, hand close, supination, and pronation were visually distinguishable from one another. The input EMG signals were filtered first and then segmented by overlapped sliding windows. In each window, four time-domain (TD) features (MAV, number of zero crossings, waveform length, and number of slope sign changes [41] ) of the EMG signals were extracted from each input channel.
All features were connected as a vector and then fed into a linear discriminant analysis (LDA) classifier. The classifier determined a user's intended movement. There were four active classes of movement (hand open, hand close, wrist pronation, and wrist supination) and one inactive class (no movement). The LDA classification decision was passed to a prosthesis motor selector, which activated the motor according to the intended movement, and set the speed of the motor proportional to the magnitude of EMG signals. In addition, a sensor fault-tolerant mechanism [39] was included to ensure system robustness against disturbances at the sensor level. Using the PR control strategy, movement decisions were made every 50 ms on features extracted from 150 ms of the EMG data. Prosthesis users controlled the DOF of the prosthesis using intuitive muscle contractions. Note that the LDA methodology and TD features were selected based on previous research [42] indicating comparable EMG pattern classification accuracy, as compared to other classifiers and EMG features. In addition, the LDA method is simple to compute and requires less computational power for real-time implementation. For example, the commercially available EMG PR control system by COAPT, LLC uses TD features and the LDA methodology.
C. Experiment Setup and Physiological Measurements
The experiment took place in a laboratory without windows in order to limit the effect of illuminance on pupillometry data. The illuminance level was relatively consistent over time photometer readings of 130-180 lx in the area where participants performed the experiment. Experimental setup (see Fig. 3 ) included an adjustable table (to accommodate a range of participant heights), a clothespin relocation task (CRT) worksta- tion, and an eye-tracking system (Facelab 5.1, Seeing machine, Australia). Participants were asked to stand in front of the table to perform the task (approximately 0.76 m (30 in) from the eye-tracking system). The two-DOF transradial prosthesis with adapter for able-bodied individuals (refer to Fig. 1 ) was donned by the participant. The CRT was used in this study because it has been applied in several prior assessments of upper limb prosthetics [43] . The task required hand open and closed movements as well as pronation and supination of the forearm.
The eye tracking system was used to capture pupillography measures as bases for inferring cognitive workload levels of participants. The Facelab system consisted of two cameras and an infrared light emitting pod. When reflected on the eyes, the light emitted from the pod is captured by the cameras along with the outline of the pupil. Eye movements were captured at a frequency of 60 Hz with an accuracy of 0.5°-1°of rotational error. In gaze tracking, the two points of reflection on the surface of the eye (the (infrared light) glint and edge of the pupil) allow for determination of gaze direction. In this study, the outline of the pupil was tracked for detecting rapid changes in size as to identify fluctuations in cognitive load.
D. Experimental Design and Protocol
In order to make comparison of the DC and PR control modes, a between-subjects experiment design was chosen. During pilot testing with both control modes, participant performance was degraded due to confusion among control modes from one test trial to the next. Consequently, during the full experiment study, participants were only exposed to one control mode (DC or PR). Ten participants were randomly assigned to the DC condition and the other ten were randomly assigned to PR control. The control scheme served as the independent variable for the study.
During the experiment, participants donned the prosthetic adapter and EMG electrodes were placed on their skin based on the assigned control mode (see Section II-B). A verbal description of the prosthesis DOF and control strategy was provided. For participants assigned to the DC group, the prosthesis was activated during the EMG threshold configuration procedure. Users were allowed to practice controlling the device until they reported comfort with the DC control. Subjects then advanced to the formal training period.
Participants assigned to the PR group were instructed to perform specific arm motions and to observe a feedback display on the computer monitor located on the experimenter's desk [44] . The program also recorded EMG signals during each known motion. These data were used as the training data for the pattern classifier. In total, 4 s of EMG activity were acquired while subjects held postures typical of each of the five movement classes (hand open, hand closed, wrist pronated, wrist supinated, and relaxed hand and wrist). In total, 5 s of rest were allowed between each posture. Three sets of data were acquired with the subject maintaining different arm positions in the sagittal plane. In total, 5 s of rest were also enforced between sets of data collection. After the classifier was trained, users were allowed to practice controlling the device until they reported comfort with the PR control. Subjects then advanced to the task-specific training period.
Participants received prosthesis training for their assigned control mode. Fig. 4 shows the specific movements for each control mode and the corresponding prosthetic movements. The task-specific training assessed participant mastery of device handling, and the respective control mode, while completing the CRT. The training session required participants to use the prosthesis to move three clothespins from a top horizontal bar at the base of the workstation to a vertical bar extending upward on the clothespin apparatus (see Fig. 3 ). They began with movement of the rightmost clothespin and, as quickly as possible, completed all pins. An experimenter recorded the time to move the three consecutive clothespins. In the event that a participant dropped a clothespin, they were required to restart the trial.
A training criterion was established based on pilot test data learning curve analysis, including when participants achieved asymptotic performance with the device and at what level (task time). For both device control modes, pilot tests indicated participant performance leveled-off after 13 trials. This level of exposure allowed for participant movement of three clothespins within 15-25 s for the PR control mode and 20-35 s for the DC control mode.
Full experiment participants were required to complete five consecutive training trials. Trial blocks were limited in order to avoid fatigue effects. Participants were given a 5-min break and continued with additional trials. After the 13th trial, performance times for each of the three consecutive trials were averaged together. Once the participant performance fell within the identified range criteria, they proceeded on to the experimental trials. Otherwise, the experiment was terminated and the participant was compensated for his/her time.
Upon completion of the training trials, the eye tracking system was calibrated for each participant. Participants were given instructions on how to complete the clothespin test trials, which included moving as many clothespins as possible from the horizontal rod to the vertical rod and back within a 2-min timed trial. The number of successfully relocated clothespins was recorded at the end of each trial. The participant's eyes were tracked throughout each trial. All participants completed a total of ten trials and were provided with a 2-min rest period after each trial. After the tenth trial had been completed, the prosthesis, EMG electrodes, and EMG equipment were removed from the participant.
E. Dependent Variables and Hypotheses
In order to compare performance among the two modes of prosthesis control, an experimenter counted the number of clothespins that were successfully relocated by a participant during a trial. An initial analysis of the performance data revealed the presence of a learning process. Consequently, a learning analysis was conducted to determine which type of control was easier to master (in time) for daily living tasks. We calculated the learning percentage for CRT performance with the prosthesis under each control scheme. Cognitive workload during the test trials was measured by determining the number of pupil size increases per second (NPI). This measure has been found to be less sensitive to individual differences and environmental factors than changes in pupil diameter. Consequently, the measure is also considered to be more sensitive for revealing cognitive workload changes in terms of greater NPIs.
With the PR control mode requiring intuitive muscle contractions for movements of the prosthesis, it was hypothesized that this control mode would increase performance (Hypothesis (H) 1), increase learnability (H2), and reduce cognitive workload (H3), as compared to the DC control mode. That is, the PR mode was expected to yield more successful pin relocations, a lower learning percentage (or greater learning potential), and lower NPI.
F. Data Processing
To determine the learning percentage (k-value) for each participant, average pin relocation time for successful pins was fitted using a linear model [45] according to the following formula:
where Y n is the task performance in the nth trial. After solving for variable b (the learning parameter) by taking the natural log of the formula and using linear regression, the learning percentage (k) can be calculated with the following formula:
A smaller k-value indicates greater learning potential for the specific experimental condition. The k values were then compared between the two control schemes. Two data points were removed due to violation of a learning curve assumption (k < 1 or degraded performance with time).
In determining the NPI for each trial, the raw eye-tracking data for the pupil diameter and blinks were processed using MATLAB R2015a. The first step was to eliminate all data points in which the eye tracking system lost track of a participant's eyes due to body movements, head rotation, or blinking in order to identify the valid data points for analysis. The percentage of valid data points in comparison to the number of points for the entire trial was determined. If participant testing yielded less than 80% of valid data points across both eyes for more than five trials, then the participant's data were excluded from the analysis. This level of invalid data points did not allow for a statistical reliable assessment of participant cognitive workload for the experiment. In some cases, participants did not follow instructions to maintain a constant body position, which caused the eye tracking system to lose track of their eyes. Pilot testing and an initial analysis of experiment data for the first few participants revealed that there were more valid data points for the right eye than the left, which was likely due to the location of the cameras, as part of the apparatus setup, relative to the participant's eyes. As a result, the NPI response was determined for the right eye across all participants. Eye tracking data was assessed to determine the number of times the pupil diameter increased over the course of the trial. Instances in which a participant blinked also needed to be filtered from the data analysis along with the six points immediately before and after the blink in order to ensure identification of pupil size changes due to workload versus pupil adaption to lighting. The MATLAB code counted any instance in which the pupil increased in size throughout an entire trial. Based on the length of the remaining filtered data file (purged of invalid data points or instances of blinking), the NPI was determined.
G. Data Analysis
Diagnostics on the task performance response data set revealed violations of parametric analysis assumptions (normality of residuals). Consequently, appropriate transformations were applied to responses but without success. As a result, a rank transformation was applied to the task performance measures. The transformed response data were submitted to a parametric analysis procedure to yield the equivalent of a nonparametric analysis. In specific, an analysis of covariance (ANCOVA) test was performed with control mode (DC versus PR) as a main effect and trial number being a covariate, and the participant effect was nested within the control mode. (A gender-balanced sample precluded the need for inclusion of gender as a covariate in the statistical model.)
The learning percentage response measure was found to satisfy normality and independent observation assumptions for application of a t-test. Consequently, a two-sample t-test, assuming unknown but equal variance between samples, was conducted on the k values.
Diagnostics on the NPI response data also revealed violations of parametric analysis assumptions, including residual normality and homogeneity of variance. Cook's distance (D) [46] measure was used to identify critical influential points (with n/4 being used as a criterion for selection and removal of outliers, where n is the number of data points in the sample). However, outlier removal did not satisfy the homogeneity of variance assumption of the ANOVA procedure. Consequently, a rank transformation was applied to the NPI observations with data submitted to an ANOVA procedure to yield the equivalent of a nonparametric analysis. The statistical model included control mode (DC or PR) as a main effect with participant nested within the control mode. Trial number was not included as a covariate as preliminary analysis revealed no significance. Fig. 5(a) shows the mean number of pin relocations successfully completed per control mode during the CRT with error bars indicating one standard deviation. An ANCOVA on the performance response revealed significance of the control mode (F (1, 99) = 19.08, p < 0.0001, 1 − β = 0.77). On average, participants using the PR control scheme successfully relocated more pins than those using the DC mode. The AN-COVA results also revealed significance of the trial covariate (F (1, 99) = 24.04, p < 0.0001). Fig. 5(b) presents the trend of task performance (successful pin relocations) across experiment trials for each of the control modes. The trend for the PR control mode has a steeper slope, which suggests that performance improved faster than with the DC mode during the course of the experiment. Fig. 5(c) presents the mean learning percentage for the two control modes with error bars indicating one standard deviation unit. The two-sample t-test showed that the control modes were significantly different in terms of learning percentages (t 0.05, 10 = −2.35, p = 0.0472, 1 − β = 0.49) with the mean for the PR control mode being lower than that for the DC control mode. This suggests that there were greater improvements in participant performance over time with the PR control mode. Fig. 5(d) shows the mean NPIs for the two control modes. The nonparametric ANOVA results revealed a significant effect of control mode on the NPI (F (1, 107) = 10.5252, p = 0.0016, 1 − β = 0.38) with the PR control mode averaging fewer increases in pupil size per second (i.e., lower cognitive workload), as compared to the DC control mode.
III. RESULTS
A. Clothespin Task Performance
B. Learning Curve Analysis
C. Number of Pupil Increases Per Second (NPI)
IV. DISCUSSION
With respect to the analysis of user performance with the various prosthesis control modes, we hypothesized that the PR control mode, relying on intuitive muscle contractions, would result in better performance during the CRT, specifically more successful pin relocations, as compared to the DC mode. Results supported this hypothesis. Able-bodied participants using the PR control mode successfully relocated on-average three more pins per trial than DC users. These results are consistent with [15] , who found that participants performed better using the PR control mode than DC during multiple DOF tasks in a VR environment. Our results are also in agreement with studies that explored performance differences between DC and PR control modes in patients, who had targeted muscle reinnervation (TMR) surgery [2] , [47] . In a target achievement control task, TMR patients using a PR control mode outperformed patients using DC [2] . Hargrove et al. [47] had patients complete three different performance tests, including the CRT. In all three tasks, patients showed significant performance improvements while using PR control as compared to DC.
Considering this learnability analysis, we hypothesized that participants would learn the PR control mode faster than DC. Results supported this hypothesis with the learning percentage (k) for the PR control mode being significantly lower than for the DC mode. (A lower k-value is indicative of greater learning potential with the technology.) Metrics of learnability have yet to be applied to the prosthetic domain; however, the learning analysis approach used in this study has been applied to other human-machine interaction systems, such as data entry devices (e.g., keyboards) [48] . The increased learnability of the PR control mode supports the notion that the device was more intuitive to use. Increased learnability of PR control could also translate to lower abandonment and dissatisfaction rates for prosthetics as amputees are able to rapidly learn to use a device as compared with DC.
In regard to cognitive workload, we hypothesized that there would be a lower NPI for participants using PR control than those using DC. Results supported this hypothesis, as PR control produced a significantly lower NPI than DC. Marshall [49] used the ICA metric to assess cognitive effort in tactical decision making. Since lighting and illumination conditions can influence pupil size, the ICA filters out noise caused by environmental conditions to allow for the identification of instances of unusual pupil size increases due to cognitive demands. These instances are assessed on a second-by-second basis to determine the ICA metric. A higher ICA is indicative of higher cognitive workload. In this study, we controlled illumination and lighting conditions. This means that any noise in the ICA metric would have been equally likely across all test trials. Consequently, we only examined NPIs. Since both the ICA and NPI are determined by assessing pupil dilations, we assumed that trends observed among the ICA metric and cognitive load [50] would be the same as with the NPI. As the PR control mode produced a lower average NPI, we inferred that it posed less cognitive workload on prosthesis users. Similar results were reported in Deeny et al.'s [15] study using ERPs to compare cognitive workload of PR control and DC through a VR platform. Their study required participants to train in either DC or PR control of a VR arm and continuous EEG was recorded under varying levels of task difficulty. The authors concluded that PR control posed a significantly lower cognitive workload for participants as compared to DC. The authors contended that the study demonstrated the efficacy of assessing EEG to assess cognitive workload. However, the authors noted the obtrusive nature of the EEG methodology and suggested that the number of recording channels (16 in their study) could be reduced to just a few (three) and still allow for accurate inference of cognitive demands. Furthermore, the authors highlighted the fact that more sophisticated signal processing approaches might be needed to increase the sensitivity of ERP results to cognitive demand manipulations. Such sophisticated signal processing approaches are also a major disadvantage of using EEG to infer cognitive workload. Our study demonstrated the efficacy using unobtrusive eye tracking methods with limited response postprocessing to determine cognitive workload in myoelectric prosthesis use.
It is likely that the lower usability of the DC mode, as identified across all measures of able-bodied individual prosthesis use in the CRT performance, was due to the lack of intuitiveness of the control mode. The DC mode relied on wrist flexion/extension to control one DOF (either hand open/closed or wrist pronation/supination) at a time and participants had to make a fist to change between the DOFs. This configuration increased the level of difficulty to device learning for participants (as objectively demonstrated). The movements required for prosthesis control and movement did not have a direct mapping to the resulting movements of the prosthesis or natural hand/arm movements. In addition to this movement mapping issue, there was a necessity for mode switching that could also explain the higher cognitive workload experienced by users of the DC mode. When completing the CRT, participants had to remember which DOF they were currently operating. This situation posed additional information processing steps using working (short-term) memory for task completion. The need to recall the current DOF and to mode switch provides one accounting for the degraded performance in successful pin relocation. Pilot testing revealed that on average it took 10 s longer for users to successfully relocate three pins from the top horizontal rod of the CRT apparatus to the vertical rod under DC than PR control. On this basis, it is logical that participants successfully relocated fewer pins during the 2-min test trials when using DC.
V. CONCLUSION
This research focused on quantitative metrics and techniques that can be used to evaluate a prosthetic in terms of performance, learnability, and cognitive workload as indicated by pupillometry measures. Our comparison study focused on two modes of prosthetic control (PR control and DC) of a myoelectric device, as used by able-bodied individuals. We used the CRT as a paradigm for device usability assessment. Results demonstrated the PR control mode to be superior to DC across all three metrics in the CRT. The study also provided support for the use of eye-tracking methods to unobtrusively assess device user workload as well as prosthesis usability validation in terms of task completion and learning rates. The learnability analysis method used in this investigation may also have utility for future studies to compare device and control mode ease-of-use among an amputee population.
A. Limitations and Future Work
One limitation of this study was the use of able-bodied individuals instead of amputees when comparing the usability of the two different myoelectric prosthesis control modes. The decision to work with an able-bodied population was made due to the limited number of transradial amputees in the surrounding area. In addition, since most patients currently use devices with DC modes (commonly used in myoelectric control), recruiting such patients could have produced a bias in their performance. Having said this, translation of our results to an amputee population may be limited. There are two general categories of amputees, including: traumatic and congenital. Based on this research, we would expect the PR control mode to be superior for traumatic amputees, as they already have established neural pathways for conveying action potentials through the central nervous system for motor control of the hand. However, congenital amputees do not possess established motor pathways for action potentials for fine movements. This situation could result in significantly more training for the PR control mode in order to establish necessary pathways for congenital amputees to successfully operate the prosthesis. As compared to the DC mode, PR control requires more signal processing applied to muscle EMG recordings. Consequently, it might be beneficial for congenital amputees to use DC devices due to the fact that they only require one agonist/antagonist pair of muscles for data collection. Related to this, many congenital amputees have very weak muscle tone, which would make using a myoelectric prosthesis very difficult, regardless of the control mode. Therefore, there is a need for further investigation with amputees, as an actual user population, in assessment of the usability of the prosthesis control modes.
In addition, the sample size that we used in this study was small relative to the demands of parametric statistical analyses. Due to the nature of the CRT, the remote eye tracking system often failed and participant trial data (or complete samples) had to be discarded. Many studies using remote eye tracking technology fix the location of a participant's head in order to limit movement and to ensure reliable eye feature tracking. This was not feasible in this study as myoelectric prosthesis wearers rely heavily on visual feedback to monitor and manipulate the device [21] . In addition, the nature of the CRT made it difficult to fix a participant's head while they were moving a pin from the horizontal rod to the vertical rod at different heights. Furthermore, fixing a participants head position would have subtracted from any realism of the CRT. The last limitation of this paper was the use of a between-subjects experiment. A within-subjects design would have allowed for a direct comparison of control modes on an individual participant basis, which would have been favorable due to significant individual differences observed in blink rates and pupil sizes.
Beyond the directions of future work identified above, we think there is a need for investigation of the utility of cognitive task performance modeling as a basis for explaining the impact of PR control on prosthetic device user cognitive workload. Our observation that DC may be more demanding in terms of working-memory use needs additional systematic investigation. In addition, experiments involving amputee assessment of myoelectric prosthesis control modes should be pursued. These studies are expected to provide further understanding of the potential advantages of prosthesis PR control over DC for the device's target population. We also plan to conduct testing with tasks that are more representative of activities of daily living and environments in which a prosthesis will likely be used. Such experiments are expected to support greater generalizability of results on prosthesis control modes and usability to actual device design and use by amputees.
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